Individual tree crown delineation in tropical forests is of great interest for ecological applications. In this paper we propose a method for hyperspectral image segmentation based on binary tree partitioning. The initial partition is obtained from a watershed transformation in order to make the method computationally more efficient. Then we use a non-parametric region model based on histograms to characterize the regions and the diffusion distance to define the region merging order. The pruning strategy is based on the discontinuity of size increment observed when iteratively merging the regions. The segmentation quality is assessed visually and appears to perform well on most cases, but tree delineation could be improved by including structural information derived from LiDAR data.
INTRODUCTION
There is a growing need for large-scale assessment of biodiversity and species richness in ecosystems, as a means to improve conservation and management decisions. Tropical forest ecosystems are of critical interest since they are hotspots for biodiversity, and they are particularly vulnerable to multiple factors from human demography to climate change. Remote sensing may provide a means to make biodiversity assessments over extensive geographic areas, but it remains very challenging due to the limited accessibility of the forest and the complexity of the canopy in terms of density, structure and species richness. In this context, hyperspectral imagery with high spatial resolution can help discriminate species based on their spectral properties [1] , but it shows significant difficulties when it comes to performing tree crown delineation in dense forests [2] . This study aims to automatically delineate individual tree crowns (ITC), and we present an original way to segment tropical rainforest images, by making the most of hyperspectral images properties using binary partition trees (BPT) [3] [4] [5] [6] . Here the BPT is combined with a preliminary hyperspectral watershed segmentation [7] in order to reduce the computational load. The BPT algorithm can be specifically adapted to various applications by the selection of proper region model, merging criterion and pruning strategy. Here we assume that the distinction among ITCs can be made based on their spectral properties.
We first introduce the study site and the data; then we detail the preprocessing stages, the construction of the BPT and the pruning leading to the final segmentation map; we provide results of the segmentation applied to a Hawaiian rainforest and discuss of the possible improvements of the method.
STUDY SITE AND HYPERSPECTRAL IMAGERY
This study was conducted at the Nanawale Forest Reserve, Hawaii. Hyperspectral imagery was acquired with the CAOAlpha sensor package in September 2007 [8] . The image used in this study is a 1980 by 1420 pixel image with 0.56 m ground sampling distance, and the spectral information is measured on 24 spectral bands evenly spaced between 390 nm and 1044 nm.
Quality assessment for image segmentation of tropical rainforest is a challenging task. The accurate delineation of tree crowns from ground observation may be prevented by nonemerging canopy trees. It is also very difficult to properly delineate boundaries as trees frequently overlap with each other. No tree delineation from the ground was performed for segmentation purposes on our study site. In order to assess segmentation accuracy, some ITCs were manually delineated after visual interpretation of a trained operator. Particular care was taken to limit the presence of ITCs with overlapping edges, and to include individuals of various shape, size and species. Here the segmentation was judged on a visual basis.
METHODS

Construction of the Binary Partition Tree
The BPT is a hierarchical region-based representation of an image stored in a tree structure [3] . The image is initially represented by its individual pixels or a coarse segmentation map, and an iterative merging algorithm is applied starting from this initial partition until one single region remains. The leaves of this representation correspond to the initial segments/pixels, the tree root is the whole image, and each node intermediary corresponds to the merging of two children regions, illustrated in Fig. 1 . A key interest of BPT is the hierarchical representation of the image. The construction of the tree is determined by two crucial elements, i) the region model , describing how regions are modeled, and ii) the merging criterion , defining a distance measure between two neighboring regions.
Fig. 1: Construction of a Binary Partition Tree
There are several ways to model a region [5] . In this paper, we have retained the non-parametric region model, whose main asset is keeping the variability inside one region. In that case, the region is modeled by its set of histograms (1) where is the empirical distribution of reflectance values for the region in the band and is the number of spectral bands in the image. By normalizing the histograms to set the sum of their bins to 1, they can be assimilated to probability density functions (pdfs). This is convenient because it allows the use of metrics measuring the distance between pdfs as a merging criterion [4] , [6] , [9] . The distance metric used in this work is the Diffusion distance. The Diffusion distance compares two histograms at different scales via a convolution process with a Gaussian kernel. For two histograms and whose bins are denoted by:
The Diffusion distance is defined as follows:
where stands for a Gaussian kernel with variance , L is the number of layers in the convolution process, and denotes a downsampling by factor 2. The distance between the two histograms is then obtained by summing up the norm of each layer: (5) with (6) The merging criterion between two regions and immediately follows on by adding up the contribution of each spectral band:
Preprocessing step
The construction of the BPT is computationally very intensive. Consequently, we preprocessed the data in order to reduce both the spectral and the spatial dimensions of the data.
Reduction of the spectral dimension
First, a Principal Component Analysis (PCA) is performed on the original hyperspectral image to extract the discriminant information and reduce the number of spectral bands used by the BPT. The first component of the PCA applied to forested areas contains most of the spectral variance and corresponds to brightness variations. The interest of this component for tree delineation is not straightforward as brightness is highly variable within individuals, depending on crown shape and sun illumination angle. The following components contain discriminant information relative to greenness and variations in spectral properties related to tree chemistry and structure, thus allowing species discrimination [10] when species show moderate aggregation. The visual analysis of the 24 components showed that bands 2 to 8 contained most of the information relative to species and ITCs, bands 9 to 24 showing very low discriminant capacity for ITCs. Therefore only components 2 to 8 were used for the measure of distance between regions.
Reduction of the spatial dimension
The initial partition used for BPT construction is composed of individual pixels at the finest partition scale [4] , or regions obtained from a preliminary segmentation. This latter option is computationally more efficient as the tree structure generated from an image containing leaves has nodes. In our application, the main concern of this presegmentation was to avoid merging several ITCs into the same region, as the algorithm does not include region splitting. The watershed algorithm usually results in strong over-segmentation. We performed hyperspectral watershed segmentation based on the PCA components 2 to 8 using a robust color morphological gradient [7] . The resulting segmentation map was satisfying after visual examination: while the BPT will handle the oversegmentation, no undersegmentation is observed.
Merging
Following the dimensionality reduction of the hyperspectral image, the iterative merging of the initial partition is processed until one single region remains. For each region in the initial partition, its neighboring regions and the similarity measure between them are stored in a table, resulting in a n-lines table. Each iteration involved the search for the minimal pairwise diffusion distance among all regions, the merging of these two regions, and the update of the table as follows: the two freshly merged segments are removed whereas the new segment and its neighbors are inserted in.
Pruning
The pruning step aims at cutting off branches in the tree in order to keep the most relevant segmentation map. If the construction of the tree is generic, the pruning step is completely application dependent and may vary according to the goal, as depictured in Fig. 2 .
Fig. 2: Two pruning strategies can lead to different results
Many strategies have already been investigated in the BPT literature [3] [4] [5] [6] , however, none of them perfectly suits our task because of its specificity and complexity. Our pruning strategy for tree crown segmentation is based on the fact that all the nodes defining a real tree crown are close to each other and consequently merged in the early steps. On the other hand, once all the alike leaves in a neighborhood are merged, the resulting region is farther apart to its neighbors and is therefore merged in the late steps, when all the regions around have also grown up. As a result, the evolution of the region size among a branch starting from the leaf to the root shows a clear discontinuity at the step where the region is no longer agglomerating leaves around it, but is instead merging with another grown up region in its neighborhood. In practice we observed that the most accurate delineation of the tree usually corresponds to the region defined right before this discontinuity. We adapted a pruning strategy based on this observation: for each leaf, a vote is assigned to the node prior to a discontinuity defined by a size threshold. The pruning is finally decided after all leaves voted and the tree branch is cut after the node receiving the strongest endorsement. By setting the discontinuity height, we can affect the characteristic size of the final regions. Figure 3 shows a comparison between tree crowns delineated manually and regions obtained with the BPT. The discontinuity height was set to 1000 pixels. Some examples of welldelineated crowns are shown in Figs. 3a to 3d: each tree is manually delineated, and the corresponding region obtained after BPT segmentation shares a significant amount of corresponding pixels. The accurate definition of the boundaries is often challenging, as even the manual delineation shows uncertainty. The upper tree delineated in Fig. 3b includes a segment corresponding to a shaded portion from its neighbor of the same species. This case shows that the accurate segmentation of aggregated tree crowns based on hyperspectral data only remains a challenge. It could be further improved if using the structure and tree height derived from LiDAR. The inaccurate boundaries may also be regularized with LiDAR data.
RESULTS AND DISCUSSION
Figures 3e to 3h present the most common inaccuracies produced by the algorithm. Figures 3e and 3f show undersegmented trees. In the first one, a small crown, surrounded by a larger one, has been detected as the latter. This is explained by the discontinuity threshold value, which is higher than the size of the crown included in the larger one. In that case, small crowns are often detected as parts of adjacent bigger trees. For the same reason, clusters of small tree crowns are likely to be detected as a single region, as shown on Fig. 3f . In that case, small trees from the same species were grouped into a unique region. Figures 3g and 3h exhibit cases of over-segmentation: a crown is divided into several segments. The overall shape of the crown Fig. 3g has been correctly detected. However, it is subdivided into two smaller segments. This case tends to occur when a crown size is way bigger than the discontinuity threshold. Moreover, using only hyperspectral data has a main drawback. As the region model is built over tree spectra, the model is really efficient as long as a tree is surrounded by trees from different species. However, two crowns from the same species lying next to each other are likely to be merged together or divided in sub-segments mismatching the shape of each individual (Fig. 3h) . The three trees are correctly separated from trees belonging to other species but the segmented regions don't match individuals and overlap between the crowns. A way to overcome this issue could be by using the canopy height from LiDAR data in addition to the hyperspectral data.
CONCLUSION
In this paper, BPT has been introduced as a method to automatically delineate ITCs. We obtained very promising results, particularly for the segmentation of large individuals.
Some research is still on-going in order to improve the method proposed here. The use of hyperspectral data only for individual tree delineation showed inaccurate results in situations showing aggregation of individuals from the same species, or from different species spectrally similar with each other. We are currently working on the fusion of Light Detection and Ranging (LiDAR) data with hyperspectral imagery in order to improve delineation based on both spectral and structural attributes. LiDAR data could also be of use to improve the relevance of the initial segmentation map, as well as correcting imperfections due to the shade. Further investigations are also required to improve the pruning strategy, in particular via the introduction of a dynamical threshold for the discontinuity height, allowing small crowns and big crowns to be detected with the same accuracy. Following those improvements, this algorithm will be tested on large scale on data acquired over the western Amazon basin.
